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Results: We measured BOLD activity in occipital visual cortical areas as
natural images and noise patterns, as well as intermediate interpolated
patterns at three interpolation levels (25%, 50%, and 75%) were presented
to anesthetized monkeys in a block paradigm. We observed reliable visual
activity in occipital visual areas including V1, V2, V3, V3A, and V4 as well
as the fundus and anterior bank of the superior temporal sulcus (STS).
Natural images consistently elicited higher BOLD levels than noise patterns.
For intermediate images, however, we did not observe monotonic tuning.
Instead, we observed a characteristic V-shaped noise-tuning function in
primary and extrastriate visual areas. BOLD signals initially decreased as noise
was added to the stimulus but then increased again as the pure noise
pattern was approached. We present a simple model based on the number
of activated neurons and the strength of activation per neuron that can
account for these results.
Conclusions: We show that, for our parametric stimulus set, BOLD activity
varied nonmonotonically as a function of how much noise was added to
the visual stimuli, unlike the perceptual ability of humans and monkeys to
identify such stimuli. This raises important caveats for interpreting fMRI
data and demonstrates the importance of assessing not only which neural
populations are activated by contrasting conditions during an fMRI study, but
also the strength of this activation. This becomes particularly important when
using the BOLD signal to make inferences about the relationship between
neural activity and behavior.
Background or other spatial structure in natural images, their phase
spectra are generally highly correlated and nonrandomNatural images have a characteristic f  Fourier ampli-
tude spectrum [1–3]. Thus, most of the power of a typical [5]. In contrast, random phase spectra yield images that
have a cloud-like appearance, lacking specific edges ornatural scene is contained in the low-spatial frequency
components. Although the precise value of  will vary sharp features, and can thus be thought of as a form of
visual noise. In this study, we investigate what effectfrom scene to scene, values of around   1.4 provide a
good general approximation that can describe a wide vari- these correlations in the phase spectra have on the blood
oxygen level-dependent functional magnetic resonanceety of images as well as the optimization of information
transmission through the early visual system [4]. Different imaging (BOLD fMRI) signal. By performing linear inter-
polation between random and natural phase spectra, wenatural images differ from each other primarily in terms
of their phase spectra. As a result of objects, edges, corners, are able to assemble parametric noise-tuning functions of
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Figure 1
Visual stimuli. (a) Parametric set of images
with natural amplitude spectra and varying
amounts of phase coherence ranging from 0%
(left column) to 100% (right column). (b) The
corresponding Fourier amplitude spectrum is
shown below each of the images. Spectra
are virtually identical to each other. (c) Pixel
intensity histograms plotting the number of
pixels (y axis) observed for a given intensity (x
axis). These distributions have the same
mean value, regardless of phase coherence.
the BOLD signal, allowing us to not only localize cortical the BOLD signal largely in the absence of top-down cog-
nitive or decision-related modulations and thus provides aareas that respond to natural images, but also to assess
the contribution of phase coherence to the activations baseline against which results obtained from both humans
and awake monkeys can be compared.observed in the different areas. Because we are using
interpolation in phase-space, all images have identical
amplitude spectra (see Figure 1), which is not the case if Results
noise is added to the visual stimuli themselves. We first identified visually driven voxels using a correla-
tion (see Materials and methods) between the BOLD
Noise of various kinds has been used to study how well signal time course and the experimental paradigm, which
humans and monkeys extract information from visual dis- was a standard block design shown inFigure 2.We reliably
plays [6]. For example, the ability of humans to read found bilateral visual activity in both the primary and the
letters [7] and identify images (Z. Kourtzi et al., 2000, extrastriate visual cortex as well as in the anterior and
Invest Ophthalmol Vis Sci, abstract] or faces [8, 9] de- posterior banks of the superior temporal sulcus. In rare
creases monotonically as Gaussian noise is added to the cases, we also observed activity in more anterior parts of
visual stimulus. Similarly, monkeys’ performance of a vi- the inferior temporal cortex, as well as in parietal and
sual matching task varies systematically with the amount prefrontal cortical areas. However, this activity occurred
of noise introduced to the visual stimulus [10]. In that too infrequently to allow detailed quantitative character-
study, visual experience with a particular stimulus set led
to a behavioral and neural improvement in identifying
Figure 2those stimuli in the presence of noise. Similar effects have
been reported for object-processing regions of the human
brain using noise added to the stimulus [11], backward-
masking noise [12], and gradual presentation of objects
embedded in noise [13], in which learning or perceptual
priming led to improved recognition as well as changes
in BOLD levels. These and other studies have provided
a link between the BOLD signal and perceptual abilities
in the presence of noise. Experimental paradigm. A standard block paradigm was used, in which
several images at a given stimulus level were presented during each
block lasting 48 s, followed by a blank period of equal length.The anesthetized monkey preparation employed in the
present study offers the unique opportunity to investigate
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Figure 3
Visually activated brain areas. Brain regions
activated by visual stimulation in the
anesthetized monkey were identified using a
correlation with the experimental paradigm.
(a) Slices were positioned for optimal
coverage of occipital visual areas. (b)
Example slices showing robust visual
activation in primary and extrastriate visual
areas as well as the fundus of the superior
temporal sulcus (STS) are shown. (c) The
raw time course of the BOLD signal for these
activated voxels.
ization, so we report here detailed results for only the differences in BOLD that we observed in any ROI
showed this result (V1, 9/10 scans; extrastriate, 4/5 scans;primary (V1) and the extrastriate (V2, V3, V3A, and V4)
visual cortex and the superior temporal sulcus (STS) fun- STS, 1/3 scans; t tests, p  0.01); the remaining scans did
not show significant differences. In general, we observeddus and anterior bank area (excluding area V3A/V4 on the
lip of the lunate sulcus). An example of the results is a decreasing trend of the BOLD signal as the stimulus
level was decreased. We confirmed this by performingshown in Figure 3. Slices were typically angled at 20, as
linear regression between phase coherence and BOLDshown in Figure 3a; although, some data were acquired
signal for each voxel independently and by showing thatusing horizontal slices. Visually activated voxels for some
the majority of the estimated slope parameters were posi-example slices acquired during this scan are shown in
tive. An average of 70  12% of the voxels acquiredFigure 3b. In Figure 3c, the average raw time course of the
during each scan showed positive slope in V1, 70  8%BOLD signal for all these voxels is shown, demonstrating
in extrastriate, and 61  18% in STS. These proportionsrobust visually driven activation in these voxels.
were significant in V1 (t test, p 1 108) and extrastriate
(t test, p  1  105) areas and were close to significantWe separated the activated voxels into three regions of
interest (ROIs) based on neuroanatomical criteria (see in the STS (t test, p  0.02). In addition to this general
trend of decreasing BOLD signal with decreasing phaseMaterials and methods). Activation was observed in area
V1 in all ten usable scans, whereas extrastriate activity coherence, we observed that the BOLD signal again in-
creased as the phase coherence approached 0%. This iswas seen in five sessions, and STS activity was seen in
three sessions. For each ROI in each session, we plotted seen most clearly in Figure 5, which summarizes the re-
sults of all available scans for each area and demonstratesBOLD activity as a function of phase coherence. These
noise-tuning functions are shown in Figure 4 for each scan that in both the primary and the extrastriate visual cortex,
the noise-tuning function of the BOLD signal was non-individually. Overall, average BOLD signal modulation
levels were the highest in V1 (up to 3.75% signal change), monotonic. This was true for the majority of single scans.
In V1, BOLD signal levels averaged across all scans wereintermediate in extrastriate areas (up to 2% signal change),
and relatively the lowest in the STS (up to 1.25% signal lowest at 50% phase coherence. Pure noise patterns (0%
phase coherence) elicited more BOLD signal than imageschange). In all three ROIs, we observed that visual noise
(0% phase coherence) elicited lower BOLD levels than at 50% phase coherence in 9/10 individual scans (see
Figure 4), and 7/9 of these differences reached signifi-natural images (100% phase coherence). All significant
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Figure 4
Noise tuning of the BOLD signal for individual subjects. The rows observed in that ROI. The individual panels show the percentage
represent three regions of interest (ROIs), into which the activity increase of the BOLD signal compared to an isoluminant background
was separated based on neuroanatomical criteria. Each row (y axis) as a function of phase coherence (x axis). The number of voxels
corresponds to one ROI, and the number of panels in each row contributing to each scan is shown above each panel.
represents the number of scans in which robust visual activity was
cance (t tests, p 0.01). In the extrastriate cortex, average Unexpectedly, for intermediate phase coherence values,
the BOLD signal did not monotonically increase as theBOLD levels were lowest at 25% phase coherence. This
was true for 4/5 individual scans, and 2/4 of these reached stimulus was transformed from visual noise to natural
objects. Instead, the noise-tuning function exhibited asignificance (t tests, p  0.01). In the STS region, tuning
was less consistent among the three available scans; al- minimum at intermediate phase coherence values and
thus had a characteristic V-like shape in primary and extra-though, the average of the scans (Figure 5c) showed a
general decrease toward 0% phase coherence. striate visual areas. Since the monkeys were anesthetized,
top-down effects such as variations in effort or attentional
Discussion state presumably did not play an important role in this
In this study, we examined how the BOLD signal varies study. How then could this nonmonotonic BOLD signal
as natural images are degraded to noise patterns that are arise from the underlying neural processing? We propose
matched for the low-level attributes of spatial frequency that the BOLD tuning may be a result of the interaction
and intensity. We thus generated noise-tuning functions between how strongly feature-selective neurons through-
of the BOLD signal for visual patterns with second-order out the visual cortex are activated and the number of
statistical properties matched for the natural world by neurons activated by a given visual stimulus. This is illus-
trated schematically in Figure 6. Natural images containplotting BOLD levels as a function of phase coherence
for occipital visual areas. edges and other areas of high local contrast, which will
strongly activate feature-selective neurons throughout the
We found that natural images (100% phase coherence) visual cortex. Noise patterns, on the other hand, are more
generally elicitedmore BOLDactivity than noise patterns distributed in space and have no hard edges. Thus, they
(0% phase coherence). This was true for all of the three may activate relatively more neurons at lower rates. In
ROIs we examined, the primary visual cortex, the extra- other words, we predict that the neural population re-
striate visual cortex, and the STS region. This is not sponse should be sparser for natural images than for noise
surprising, since natural images contain characteristic fea- patterns. As the phase coherence varies from noise to a
tures with high local contrast and human fMRI has shown full image, the peak neural activity will increase, but the
that the BOLD signal in the primary visual cortex in- number of activated neurons will decrease, leading to the
creases as additional edges are introduced to the visual overall V-shaped tuning function observed experimen-
stimulus by a scrambling process [14]. Also, consistent tally. More detailed quantitative predictions of this kind
with this, the BOLD signal in the primary visual cortex of model have been previously described [16].
shows an increasing trend with increasing spatial fre-
quency [15]. To quantitatively test this model within the framework
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Figure 5 Figure 6
A schematic model. A simple model may account for the experimental
results. Each circle represents a single neuron, and the shading
represents the activity of each neuron, with dark shades representing
high firing rates, symbolically shown by the action potentials below. Since
the BOLD signal represents an average of the neural activity in an
entire voxel, similar BOLD levels may be elicited by different states
of the underlying neural ensemble. For example, few highly active
neurons shown in (a) may give rise to similar BOLD levels as many
weakly active neurons shown in (b).
of the current experiment, we modeled population activ-
ity in the visual cortex as an average of responses to a
population of Gabor-patch filters (shown in Figure 7a,b).
These filters were distributed and oriented randomly
across a natural image at various levels of phase coherence
(Figure 7c; see Materials and methods). The average Ga-
bor-patch response does indeed demonstrate nonmono-
tonic V-shaped tuning to variations in phase coherence
(as shown in Figure 7e). In addition, the sparseness of
the response increases with increasing phase coherence
(Figure 7f), consistent with the qualitative model described
above and in Figure 6. Thus, this simple model is able
to reproduce the key features in the experimentally ob-
served BOLD tuning functions. Furthermore, the mini-
mum of the noise-tuning curve for the Gabor model corre-
sponds to that observed in the primary visual cortex (see
Figure 5a), consistent with the fact that Gabor filters re-
semble the receptive field properties of simple cells in
the primary visual cortex.
To validate the model in a more classical context, we
also computed Gabor-patch responses and sparseness for
variations in contrast. As expected, the mean response
increased monotonically with increasing contrast (Figure
visual cortex, and (c) the STS region. Significantly nonmonotonic
noise tuning was observed for both primary and extrastriate visualNoise tuning of the BOLD signal averaged across subjects. The mean
areas.BOLD signal change averaged across subjects as a function of
phase coherence in (a) the primary visual cortex, (b) the extrastriate
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Figure 7
A quantitative model. (a) Horizontally and (b)
vertically oriented Gabor patches used in a
simple model of feature-selective neural
population responses in the visual cortex. A
population response model for variation of
phase coherence. (c) An example of a natural
image at five phase coherence levels (from left
to right: 0%, 25%, 50%, 75%, and 100%).
The left-most panel shows the location and
size of 50 randomly placed white squares
representing Gabor patch locations. A
histogram of the corresponding pixel
intensity values is shown in (d) below each
image panel, demonstrating that the mean pixel
intensity remains invariant as a function of
phase coherence. (e) Mean and standard
error Gabor-patch activation for 50 repetitions
of random placement of the 50 image
patches, demonstrating V-shaped population
response with increasing phase coherence.
(f) Response sparseness increased with
phase coherence, consistent with the idea
that natural images activate few feature-
selective neurons very strongly, whereas
noise patterns activate more neurons at
relatively lower rates. A population response
model for variation of contrast. (g) An example
of a natural image at five levels of contrast
(from left to right: 0%, 25%, 50%, 75%, and
100%). The position of 50 randomly placed
patches, shown on the left-most image. (h)
Pixel intensity histograms showing that mean
intensity was invariant with respect to contrast.
(i) Mean and standard error Gabor-patch
activation as a function of contrast, showing
monotonic increases. (j) Sparseness
decreased with decreasing contrast, reaching
a value of zero at 0% contrast.
7i), and sparseness declined to a value of zero at 0% data has shown that BOLD activity in V1 increases essen-
tially monotonically as a function of contrast [17]. Indeed,contrast (Figure 7j) because all Gabor-patch responses to
an isoluminant gray image are identical. Human imaging this finding has been used to argue that V1 BOLD re-
852 Current Biology Vol 11 No 11
sponse may be indirectly related to psychophysical perfor- quence, LFP activity (and BOLD levels) in V2 may in
fact be more closely coupled to the spiking activity inmance, by limiting information transmission to higher
visual areas [18]. The present results demonstrate that area V1 rather than spiking activity in V2 itself. This
complicates the analogy between neural-spiking activityvariations of contrast may be a special and exceptional
case, since we do not observe such a simple relationship and BOLD levels, but cannot by itself account for non-
monotonic BOLD tuning or the shift of the noise-tuningwhen manipulating image detectability by noise interpo-
lation. The present modeling and experimental findings function minimum.
suggest that V1 BOLD responses reflect averaged activity
A recent study that examined BOLD activity in humanof feature detectors and are not necessarily closely related
visual cortex to moving dots has also reported V-shapedto transmission of behaviorally relevant information, at
BOLD tuning as a function of motion coherence in occipi-least for arbitrary visual stimuli.
tal visual areas [20]. Based on the finding that single
neurons in the middle temporal (MT) area show mono-The minimum in the experimentally observed noise-tun-
ing function shifts “forward” from 50% coherence in the tonic tuning as a function ofmotion coherence, the authors
identified MT in human cortex by searching for voxelsprimary visual cortex, to 25% coherence in the extrastriate
visual cortex, to 0% coherence in the STS region. Thus, with a good linear fit between coherence and BOLD
activity. While this may have been appropriate in thatfor the phase coherence manipulation, it is activity in the
STS region, not in the primary visual cortex, that actually particular study, our results suggest that this approach can
be problematic, because the BOLD response that resultsmost closely resembles psychophysical performance. This
is certainly consistent with the idea that higher visual from populations of monotonically tuned neurons is not
necessarily itself monotonic. Rees et al. did in fact observeareas support visual object recognition and awareness [19].
The shift in the minimum of the noise-tuning function that many voxels in occipital areas were not monotonically
tuned, but rather showed an increase in BOLD levels asis likely a result of changes in feature selectivity, as infor-
mation progresses through the hierarchically organized 0% motion coherence was approached. We suggest that
this finding may also be a result of an interaction betweenvisual system. While it is unknown what the general prin-
ciples of feature selectivity are in areas beyond V1, our the number of activated neurons by motion at a given
coherence level and the strength of this activation, muchBOLD activity results provide important constraints on
the average activity produced by these feature detectors. like the results of the present study. Accordingly, at 100%
motion coherence, neurons tuned to that direction will beAlternatively, the shift in the noise-tuning function may
be revealing differences in convergence of activity be- strongly activated, whereas neurons tuned to the opposite
direction will not be activated at all. At 0% motion coher-tween cortical areas. While noise may activate many fea-
ture detectors in early visual cortical areas, only a subset ence, however, neurons with all preferred directions may
be activated, albeit at lower firing rates. This highlightsof this activity may be reaching target neurons in higher
areas. For undegraded natural images, fewer neurons the importance of considering not only neural firing rate
but also the number of activated neurons when comparingmight be activated more strongly in early areas, and this
activity might thus reach target neurons in higher areas electrical activity of single neurons to the BOLD signal
in different experimental conditions. The fact that non-more reliably.
monotonic tuning was observed in the visual cortex of
Our model makes an implicit assumption by correlating awake humans performing a motion-discrimination task
spiking activity within a given area with BOLD activity as well as in anesthetized monkeys suggests, furthermore,
observed in that same area. It should be kept in mind, that much of the processing in the early visual areas may
however, that the BOLD signal correlates well with intra- take place automatically, largely independent of behav-
cranial local field potentials (LFPs), which are in turn ioral demands.
correlated more with dendritic processing of the inputs
to a given brain region rather than with spiking activity, Our findings highlight the power of parametric designs,
since the main results of this study could not have beenwhich represents that region’s outputs (N.K. Logothetis,
et al., 2000, Soc Neurosci, abstract). This generally makes described if only natural images and noise patterns had
been employed without the intermediate images. In addi-direct correlations between spiking activity and BOLD
problematic. In the present case, however, our arguments tion, these findings suggest that knowledge of the tuning
properties of single neurons in a given area is required todo not closely depend on these differences, because we
observe nonmonotonic BOLD tuning in multiple visual permit accurate interpretation of BOLDactivity data. The
monkey preparation allows us to formulate and test pre-areas. Occipital visual areas are hierarchically structured,
and the output of a given visual area represents the bulk dictions generated by fMRI data by actually recording
electrical neural activity with invasive techniques. It isof the inputs to the next visual processing stage (e.g.,
from the primary visual cortex V1 to area V2). In addition, likely that progress in understanding the nature of the
BOLD signal can be made by testing and refining suchmany connections are in fact bidirectional. As a conse-
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1b. During each block, eight images at one of five stimulus levels werepredictions. Any such progress may have important impli-
presented. Different stimulus levels were presented in pseudorandomcations for understanding the relationship between
order (0%, 75%, 25%, 100%, and 50%), and during some scans, this
BOLD levels and neural activity in humans as well. order was reversed to ensure that ordering effects did not contribute to
the results. These block sequences were repeated six times, so that a
total of 480 whole brain acquisitions were collected during a total ofConclusions
48 min. Functional maps were overlayed on anatomical images, whichWe have investigated the effects of image degradation
were collected on a 256  256 matrix using an IR-RARE scan protocol.
on the processing of natural images in the anesthetized
monkeys. Natural images elicited more BOLD activity Data analysis
than noise patterns with the same second-order statistics; Data were analyzed using custom-written MATLAB (Mathworks) soft-
ware. First, visually activated voxels were identified using cross-correla-however, for intermediate images, the noise tuning of the
tion between each voxel’s BOLD time course and the time course ofBOLD signal was nonmonotonic in occipital visual areas.
the paradigm. Voxel time courses were digitally high-pass filtered (4-pole
We present a simple model based on an interaction be- Butterworth Filter) to remove low-frequency drift. The paradigm time
tween the number of activated neurons and the strength course had values of one during periods of visual stimulation, regardless
of stimulus level, and values of zero during blank periods. This paradigmof activation that may account for these results. This has
was unbiased with respect to stimulus level, in that it made no assump-important consequences for interpreting fMRI data and
tions regarding which stimulus level might elicit the most or least BOLD
correlating such data with behavioral parameters. activity. This procedure yielded a correlation map, with one value for
each voxel. In a second step, this correlation map was subjected to a
low threshold of   2	, where 	 represents the standard deviation ofMaterials and methods
the BOLD signal across all voxels. The voxels that passed this criterionSubjects
were then subjected to a clustering algorithm, which eliminated activatedNine male rhesus monkeys (Macacca mulatta) weighing 5–7 kg served
voxels that did not have at least n neighboring activated voxels within aas subjects. The experiments were performed while monkeys were anes-
distance of d in the correlation map. We found that values of aroundthetized with isoflurane and fentanyl as well as paralyzed with mivacurium.
n  5 and d  6 worked well in eliminating spurious modulating voxelsProcedures have been described in detail elsewhere [21]. All studies
for our datasets. Data was collected from 9 monkeys during 18 fMRIwere approved by local authorities and were in full compliance with
scans. Eight of these scans were discarded, because no reliable BOLDapplicable European Community guidelines (EUVD 86/609/EEC).
activation was observed, leaving a total of 10/18 (56%) scans from
seven monkeys that could be analyzed further. The activated voxels were
Visual stimulus presentation and images then segregated into cortical regions based on neuroanatomical criteria.
Images were presented using a gamma-corrected SVGA fiber-optic We separated voxels into three regions of interest (ROIs): the primary
system (Avotec, Silent Vision), with a resolution of 640  480. Images visual cortex (V1), the extrastriate visual areas (including V2, V3, V3A,
were 10  10 in size and were presented stereoscopically near the and V4), and visually activated voxels in both the anterior and posterior
center of gaze. To minimize adaptation of the BOLD signal, images were banks of the superior temporal sulcus (STS). Finally, for each block, we
displaced every 300–400 ms to a random position within2, mimicking computed the percentage increase of the BOLD signal from the blank
the effects of saccadic eye movements. period immediately following that block by first computing the mean
BOLD signal for each activated voxel across the eight images acquired
Images were selected from a large database of natural scenes including during visual stimulation S
 and across the eight images acquired during
animals, plants, or faces at 24-bit color depth and 256  256 pixels in the following blank period S. The percentage increase for each block
size. For each independent RGB color channel, the images were trans- was computed as
formed into amplitude and phase components using the Fourier transform.
A value of was estimated for the power law dependence of the amplitude Pi (S
 
 S)/S. (1)
of the Fourier transform f , and the average of these values was used
The mean percent increase was then computed across all six repetitionsfor all images. Noise patterns were generated by inverse Fourier transform
of a given stimulus levelof the natural amplitude spectrum with random phase spectra (each
phase value was chosen at random from the interval [, ]). Intermedi- P  6i  1 pi. (2)ate images containing x% phase spectrum of a natural phase spectrum
and 100  x% random phase spectrum were generated using linear Using this procedure, a BOLD signal value (averaged across all activated
voxels and all repetitions for each voxel) was computed for each stimulusinterpolation (stimulus levels of 0%, 25%, 50%, 75%, and 100%) (see
Figure 1a). This procedure ensured that all images, including natural level. Average data for each ROI were computed by averaging the BOLD
level increases for all available scans for that ROI. To evaluate the signifi-images, noise patterns, and intermediate images, were equalized for
spatial frequency. Finally, spatial vignetting was applied to the images cance of BOLD activity differences, we employed t tests evaluated at
p 0.01, comparing BOLD activity increases between two phase coher-such that the edges were smoothed by convolution with a linear ramp
of 25 pixel width. This ensured that the edge of the stimulus blended ence levels for six repetitions each.
smoothly into the background and minimized any transient neural activa-
tions that were due to the outer edges of the images. Images were Model
presented on a gray background with the same intensity as the mean Vertically or horizontally oriented Gabor-patch filters were used to model
intensity of the images (luminance  38 cd/m2). simple feature selectivity in early visual cortex. These filters are essentially
sine-wave gratings modulated by a Gaussian envelope; the ones em-
ployed in the current study are shown in Figure 7a,b. We chose theScanning parameters
Measurements were made on a vertical 4.7 T scanner with 40 cm Gabor filters such that their overall sum across all pixels was equal to
a value of 1. This causes the filter responses to scale with brightnessbore (BIOSPEC 47/40v, Bruker Medical), with a 50 mT/m gradient coil.
Functional images were acquired with a field of view of 128 mm  128 and to exhibit nonzero background responses to isoluminant gray stimuli
(see Figure 7i). We applied these Gabor-patch filters to black and whitemm on a 128  128 matrix with 2 mm slice thickness using gradient-
recalled echo-planar imaging (echo time [TE]  20 msec, transverse versions of natural images similar to the stimuli used in the experimental
part of the paper, with the same phase coherence values of 0%, 25%,relaxation time [TR]  750 s, and flip angle [FA]  40). A standard
block design was used, in which each block lasted 48 s and was followed 50%, 75%, and 100% (shown in Figure 7c). We confirmed that the pixel
intensity histograms were very similar, irrespective of phase coherenceby a blank period (isoluminant gray) of equal length, as shown in Figure
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R: A sequence of object-processing stages revealed by fMRI in(Figure 7d). For a given set of 5 interpolated images, we then chose 1
the human occipital lobe. Hum Brain Mapp 1998, 6:316-328.set of 50 patch locations at random, as illustrated on the left-most panel
15. Singh KD, Smith AT, Greenlee MW: Spatiotemporal frequencyof Figure 7c. For each of these patches, we then computed the Gabor-
and direction sensitivities of human visual areas measuredfilter response by summation of the product between Gabor filter and
using fMRI. Neuroimage 2000, 12:550-564.
image patch over all pixels. These filter responses were then passed 16. Scannell JW, Young MP: Neuronal population activity and
through a rectification nonlinearity, which essentially sets negative re- functional imaging. Proc R. Soc Lond B Biol Sci 1999, 266:875-
sponse values to zero. We repeated this for 50 different random noise 881.
patterns, and from that data, computed the mean Gabor-patch filter 17. Boynton GM, Demb JB, Glover GH, Heeger DJ: Neuronal basis
of contrast discrimination. Vision Res 1999, 39:257-269.response (and associated standard error) as a function of phase coher-
18. Heeger DJ: Linking visual perception with human brain activity.ence. In addition, we computed the sparseness of the response as a
Curr Opin Neurobiol 1999, 9:474-479.function of phase coherence. To estimate response sparseness, we
19. Logothetis NK: Object vision and visual awareness. Curr Opinused the expression
Neurobiol 1998, 8:536-544.
20. Rees G, Friston K, Koch C: A direct quantitative relationship
between the functional properties of human and macaqueS 
n  (ri/rmax)
n  1
, (3)
V5. Nat Neurosci 2000, 3:716-723.
21. Logothetis NK, Guggenberger H, Peled S, Pauls J: Functional
where n  number of Gabor patches, rI  response of i-th filter, and imaging of the monkey brain. Nat Neurosci 1999, 2:555-562.
rmax  max{ri}. The value of S lies between 0 (identical responses to all
patches) and 1 (response to only one patch, silence to all others). Mean
Gabor-patch response and sparseness as functions of phase coherence
are shown in Figure 7e,f. We performed these analyses for different
Gabor patch sizes ranging from 9  9 pixels to 41  41 pixels (images
were 256  256 pixels) and several examples of natural images. In all
cases, results were similar to the ones reported here.
In addition to phase coherence, we also examined the effects of varying
image contrast on both the mean Gabor-patch filter response and re-
sponse sparseness. These results are summarized in Figure 7g–j. Con-
trast was manipulated, while average image intensity was kept constant.
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